Abstract: Plant modeling can provide a more detailed overview regarding the basis of plant development throughout the life cycle. Three-dimensional processing algorithms are rapidly expanding in plant phenotyping programmes and in decision-making for agronomic management.
Introduction
Digital models allow information gathering about crop status for agricultural management or breeding programmess. The use of high-throughput plant phenotyping greatly impacts in plant characterization and plant selection processes [1] . Digital plant models can be objective tools for quantifying plant characteristics that avoid the appreciative differences incorporated in are able to provide 2D-or 3D-plant models by displacing the sensor following a path and storing the sensor's relative position. The LiDAR sensors fire rapid pulses of laser light at a surface and measure the amount of time it takes for each pulse to bounce back; this time is then converted to distance. The accuracy of LiDAR is higher than that of ultrasonic sensors, and they have been widely used for tree canopy description [13] and lastly in breeding programmes creating high-resolution 3D models. LiDAR sensors are robust and reliable and they allow scanning at high frequency and over large distances. Similar systems, such as radar systems [14] , hemispherical photography [15] , and magnetic resonance and X-ray visualization, have been studied for plant morphology characterization [16] .
Although the aforementioned methods can accurately describe plant shape, they are time-consuming and lack colour information, which, in many cases, limits their application. While colour can be added to the scene by means of sensor fusion, this combination of the traditional sensing devices with RGB information from a camera is technically challenging and remains limited. The emergence of new sensors in the market coming from different sectors opened new modes of plant description. Initially distributed mainly by the gaming industry, today there are a large number of commercially available RGB-Depth cameras. The more advanced ones combine more than one sensor like the Multisense from Carnegie Robotics (Carnegie Robotics, LLC, Pittsburgh, Pennsylvania) which combines lasers, depth cameras and stereoscopic vision; the ZED Stereo Camera (Stereolabs Inc, San Francisco, CA, USA) which also provides depth information; or the DUO MLX sensor (Code Laboratories Inc, Henderson, NV, USA) which uses a stereoscopic camera to provide depth information.
However, Microsoft Kinect v2®(Microsoft Corp., Redmond, WA, USA) is the primary and most widely known sensor in this market and has been widely used for plant characterization in agriculture. For instance, the maximum diameter, volume and density of sweet onions were estimated with an accuracy of 96% [17] . Paulus, et al. [18] evaluated the possibilities of RGB-D cameras in comparison with a high-precision laser scanner to measure the taproots of sugar beet, the leaves of sugar beets and the shape of wheat ears. These authors concluded that the low-cost sensors could replace an expensive laser scanner in many of the plant phenotyping scenarios. Andújar, et al. [19] reconstructed trees at different wind speeds to estimate the LAI and the tree volume; the resolution potentials of this sensor from null wind speed to high wind speeds were successfully demonstrated as the 3D models were properly reconstructed at high wind speeds. Far from being used only for plant characterization, a Kinect sensor could be used to estimate plant health. The NDVI (normalized difference vegetation index) can be calculated by using the values of near-infrared (NIR) pixels and red pixels for plant health monitoring [20] . Consequently, new applications for sensors, unlike those traditionally used in plant phenotyping, are emerging. However, there are still some unresolved issues, such as a proper reconstruction of the end-details required in some phenotyping programmess. In this regard, a new approach has emerged in recent years; the use of photogrammetry using low-cost RGB cameras has a high impact in the phenotyping processes. This method, also known as stereo vision, is relatively inexpensive but allows the acquisition of a high definition of details. By examining the relative positions of objects in the two planes similar to the human vision, 3D information can be extracted. The 3D scene can be reconstructed either by a single camera or multiple cameras shooting around the object of interest. For model reconstruction, some parameters should be fixed prior to image acquisition; for example, the distance from the camera to the target should be established based on the camera's focal length in order to reach a proper overlap between images according to the reconstruction algorithm. This principle has been already used for plant reconstruction to extract information regarding plant height, LAI and leaf position [21] . In addition, a combination of cameras and images from Structure from Motion (SfM) creates high-fidelity models wherein a dense point cloud is created by means of a growing region [22] . Similarly, the multi-view stereo (MVS) technique creates dense 3D models by fusing images [23] . Nevertheless, there are still issues that should be improved and considered during the reconstruction processes. Boundaries and limitations of methods must be clearly stated for its usage. Some aspects that need to be improved, such as the accurate reconstruction of end-details, should be well know before of applying reconstruction techniques for more detailed applications. In addition, Sensors 2019, 19, 2883 4 of 14 these low-cost methods for plant reconstruction are opening up possibilities for an easy use of a single camera or a budget device without expensive additional equipment for plant model reconstruction.
Thus, research of new methods and modes that employ depth for 3D plant reconstruction for plant phenotyping has a strong impact and still are of great interest to the sector, in the search for inexpensive equipment that can perform field high-throughput phenotyping functions with adequate precision requirements. Furthermore, the use of 3D-structural models can improve the decision-making processes. The objective of this study was to assess the combination of some of the most novel methods and sensors for plant reconstruction and to compare them to the planar RGB method. The capacities of RGB-D cameras and photogrammetry for 3D model reconstruction of three crops at different stages of development were compared. The crops selected to be characterized had differential shapes; they were maize, sugar beet and sunflowers. We specifically explored the capabilities and limitations of the different principles and systems in terms of accuracy to extract various parameters related to the morphology of these crops. The methodology compared the accuracy and the capacities of self-develop algorithms to process the point clouds for solid model construction.
Materials and Methods

Site Location and Modeling Systems
RGB-D cameras and photogrammetry methods were tested using three different crops with contrasting plant structures at a research station of the University of Hohenheim (Stuttgart, Germany). The crops maize (Zea mays L.) sugar beet (Beta vulgaris L.), and sunflower (Helianthus annuus L.) were selected for ascertaining the structural differences between them at three different stages of development. The stage of development for maize was ranged from 13 to 19 on the BBCH (Biologische Bundesanstalt, Bundessortenamt und Chemische Industrie) scale [24] . The stage of development for sunflower was ranged from 15 to 19 on the BBCH scale, and the stage of development for sugar beet ranged from 16 to 19 on the BBCH scale. Three samples per crop and stages of development were monitored. The plants were randomly selected from the field and ensured to be a representative sample of the population. Closer plants were removed to avoid interference with the target plant during monitoring. Although removing those plants does not affect the model reconstruction it facilitates to take the model measurements. To scale the model during post-processing, tree graphical scales were located at the ground level in a triangular shape around the plant stem, with the plant located in the centre of the triangle.
Data Acquisition and Data Processing
Low-Cost Photogrammetry
The SfM method was applied for model reconstruction. A set of images covering each crop plant was used and the data set was composed of approximately 30 to 40 images per sample to fully cover of the plant based on its size. The plant was manually photographed with a Sony Cyber-shot DSC-HX60 camera (Sony, Tokyo, Japan) following a concentric track at three different heights to produce baseline image pairs (Figure 1 ). The images were taken with a minimum overlapping with the previous image at 90%. The camera was manually held at distance approximately 50 cm from the plant stem in every shoot. The minimum number of images was set up by a previous study to determine the lowest number of images for a proper reconstruction. These images guarantee a proper reconstruction. An increase in the images did not provide any improvement in the accuracy and the extracted values did not show any statistical significance. The method and distance to the target objects was set by [23] . The positions of the camera were not previously established since the SfM algorithm can correct the small differences during the model creation. The model was processed in Agisoft PhotoScan Professional Edition software (Agisoft LLC, St. Petersburg, Russia) version 1.0.4. to build the digital surface model (DSM) of each plant. The camera position and the common points in the images were located and matched; this process refined the camera calibration parameters. Then, the DSM was constructed based on the relationship of the camera position to the images. The projection of the images and its combination allowed the creation of the DSM by searching for common points in the scene. The process created a dense 3D-point cloud, which was later used for the solid model creation. The processing was divided in three automated steps: (1) aligning images; (2) building field geometry; and (3) generating dense point clouds. Thereafter, the model was manually scaled according to the graphical scales located around the plant stem.
Red-Green-Blue (RGB) Image Processing
The RGB images processed as planar images were acquired with the same camera (DSC-HX60V, Sony, Tokyo, Japan) used in the photogrammetric method. For the LAI calculation a top view image was taken. A standard 100 cm 2 black square, close to the plant stem, was also present in the image as a reference to calculate the visible leaf area (LA) from the top view. The steps for image processing were the common in this scenario. The RGB images were transformed to binary images by a linear combination of the RGB planes with coefficients: R = −0.884, G = 1.262, B = −0.311, finally followed by the application of Otsu's method [25] for separating the pixels coming from plants from the rest of pixels of the background. The coefficients were obtained by a genetic algorithm optimization process [26] , a method that has proved to perform a better segmentation of the plants than Excess Green coefficients (E × G = 2G − R − B) [27] .
RGB-D Microsoft Kinect® v2-Based System
Microsoft Kinect v2 is a motion-sensing device that operates with the principle of the time of flight method for calculating the camera's distance to a scanned scene. Microsoft Kinect v2 can provide quite detailed information about its surroundings, delivering approximately 2 gigabits of data per second from the surroundings it digitalises. The device is composed of an RGB camera, a depth camera, an infrared (IR) camera and an array of microphones. The RGB camera captures 1080 p video that can be displayed in the same resolution as the viewing screen and can automatically adjust the exposure time in order to create brighter images. Therefore, even though it can capture up to 30 fps (frames per second), the maximum number of frames is limited to 15 fps. The camera creates raw colour images with a 1920 × 1080 resolution. The infrared sensor can track objects without visible light at a resolution of 512 × 424 pixels, allowing the tracking of IR reflective objects while filtering out the IR light. The field of view is wider in the IR camera than the RGB camera 70 degrees horizontally and 60 degrees vertically. The device estimates distances by phase detection to measure the time taken for light to travel from the light source to the object and back to the sensor. Since the speed of light is known, the distance is calculated by the system estimating the received light phase The model was processed in Agisoft PhotoScan Professional Edition software (Agisoft LLC, St. Petersburg, Russia) version 1.0.4. to build the digital surface model (DSM) of each plant. The camera position and the common points in the images were located and matched; this process refined the camera calibration parameters. Then, the DSM was constructed based on the relationship of the camera position to the images. The projection of the images and its combination allowed the creation of the DSM by searching for common points in the scene. The process created a dense 3D-point cloud, which was later used for the solid model creation. The processing was divided in three automated steps: (1) aligning images; (2) building field geometry; and (3) generating dense point clouds. Thereafter, the model was manually scaled according to the graphical scales located around the plant stem.
Red-Green-Blue (RGB) Image Processing
RGB-D Microsoft Kinect®v2-Based System
Microsoft Kinect v2 is a motion-sensing device that operates with the principle of the time of flight method for calculating the camera's distance to a scanned scene. Microsoft Kinect v2 can provide quite detailed information about its surroundings, delivering approximately 2 gigabits of data per second from the surroundings it digitalises. The device is composed of an RGB camera, a depth camera, an infrared (IR) camera and an array of microphones. The RGB camera captures 1080 p video that can be displayed in the same resolution as the viewing screen and can automatically adjust the exposure time in order to create brighter images. Therefore, even though it can capture up to 30 fps (frames per second), the maximum number of frames is limited to 15 fps. The camera creates raw colour images with a 1920 × 1080 resolution. The infrared sensor can track objects without visible light at a resolution of 512 × 424 pixels, allowing the tracking of IR reflective objects while filtering out the IR light. The field of view is wider in the IR camera than the RGB camera 70 degrees horizontally and 60 degrees vertically. The device estimates distances by phase detection to measure the time taken for light to travel from the light source to the object and back to the sensor. Since the speed of light is known, the distance is calculated by the system estimating the received light phase at each pixel with knowledge of the modulation frequency; the operational range is between 0.5 m to 4.5 m. The acquisition process was executed using an Intel CORE i7-4710HQ laptop with Windows 7, 16 GB of RAM memory and a 2 GB Nvidia GeForce GTX graphic card with a graphics processing unit (GPU). The raw data were recorded using Kinect Studio in video mode. The plant was scanned according to a concentric track, similarly to the image acquisition in the previous system. The reconstruction software fuses the different consecutive and overlapped depth images. A fully automated process was developed and used in this procedure by overlapping depth images using the algorithm described in [28] , with a variant of the iterative closest point (ICP) algorithm [29] , which improves the accuracy of the point cloud.
Following image acquisition and Kinect v2 scanning, manual measurements were undertaken in every plant wherein the number of leaves and plant height were determined. The maximum height of each plant was calculated using a cylinder extended from the plant base to the end of its main stem which indicated the maximum stem height [30] . For LA calculation, a leaf area metre, model Li-Cor 3100 (Li-Cor, Lincoln, NE, USA), was used. Thereafter, plants were stored in paper bags, and the samples were dried at 78 • C for 48 h to determine the oven-dry weight of the plant biomass.
Point Cloud Processing
Point clouds are 3D-polygon meshes of the plant geometry; they were created by both systems and methods and processed on the aforementioned laptop. This solid 3D model that was recently processed off line in the open source software Meshlab®(Visual Computing Lab ISTI-CNR, Pisa, Italy), which can manage and plot the 3D outputs previously generated in Agisoft PhotoScan by the self-developed software for Kinect v2 data processing. Meshlab®was used in the processing of the unstructured 3D models using remeshing tools and filters to clean and to smooth the created 3D models. Three steps were used for processing the point clouds. First, noise and outliers were removed from the point cloud by an internal filter, which removed individual points at 0.5 cm outside the grid. Thereafter, the target plant was isolated after removing every source of interference inside the bounding box, i.e., the ground and the rest of objects present in the scene were deleted using colour filters. Due to the presence of green objects in the bounding box, human supervision was needed for the final isolation of the plant. Finally, the extraction of the main parameters that were compared with ground truth data was implemented. Plant height was measured by a measuring tool incorporated to the software and number of leaves in the processed solid were visually counted calculated to be compared with actual plant height, number of leaves and dry biomass.
Statistical Analysis
The information calculated from the final models was compared with the ground truth values measured in the plants. The maximum plant height, leaf area (LA) and number of leaves were calculated from the digital models and later correlated with the actual parameters of height, LA, number of leaves and dry biomass. Pearson´s correlation coefficients were used as a first validation on simple linear regressions and provided an evaluation of the results' trend between the actual values and those extracted from the model. Then, the root mean square error (RMSE) and the mean absolute percentage error (MAPE) were calculated for the error estimation in order to provide an overview of how well the data fit the model.
Results
The plant reconstruction method created different models (Figure 2 ), which were similar to reality; three-dimensional models were properly reconstructed lacking only small details. These errors varied slightly between both systems the Kinect-based v2 measurements were more imprecise than the photogrammetry measurements. However, in all of the models, the errors appeared at the end of leaves and branch borders. Although the final end-details were not properly reconstructed, the reconstruction displayed high fidelity, as seen by the statistical analysis. The measured parameters using the modeling systems showed a high correlation with the LA and dry biomass ground truth data. Indeed, strong consistency in linear correlation equations was observed between the estimated parameters by the digital 3D model and their actual measured values. Regarding 2D RGB image processing, the results differed with the three-dimensional systems, as their precision was lower in every case. In addition, the number of leaves was always accurately estimated by the three-dimensional methods, while the 2D method always underestimated the number of leaves due to the overlapping of upper leaves. No missed information was found on 3D reconstruction. Every leaf appeared reconstructed in the digital models with only small differences in LA estimation, as shown in Figure 2 . Although the general values were similar between both three-dimensional methods, small differences arose when the sampled crop was analyzed independently. Regarding 2D, dicots showed less underestimation of number of leaves. Small leaves on the bottom were occluded by top ones. Only one to two leaves were occluded on sugar beet and sunflower plants. In maize plants due to the parallelism between leaves, the number of occluded leaves varied from 0 (small plants) to a maximum of four true leaves in the case of those plants at BBCH 19. These slight differences can be due to manual movement of the camera and areas becoming hidden while scanning [31] . Therefore, fine details can be improved by increasing the sampling size or reducing the distance between the camera and the target plant. However, this modification in the acquisition process would increase the time required for data acquisition and the data processing.
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The RMSE values were of 4393.4 cm 2 and 22267 cm 2 , and MAPE values revealed a deviation of 3.88% and 11.66% for photogrammetry and Kinect v2, respectively. Similar to the aforementioned height values, the dicot crops (sugar beet and sunflower) were modelled with higher accuracy with respect to LA ( Table 2 ). The MAPE values showed a deviation of approximately 1% when plants were modelled with photogrammetry and even higher for Kinect v2 models. The regression models were always significant at P < 0.01 ( Figure 4 ) with low deviations. Similar values were obtained when correlating LA with the dry biomass ( Figure 5 ).
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A compromise in the relation between cost and accuracy must be developed. While the cost of photogrammetry processes is low when the SfM is applied, generating more detailed models would increase time and cost. In this case, RGB-D cameras have shown their lower acquisition time and model processing. However, the terminal parts and small details were not properly reconstructed. Thus, the use of this type of camera can be suitable for on-line methods which requires fast decision. The obtained results showed a slighter underestimation of the calculated values than photogrammetry procedure; however, the acquisition time was much lower. Thus, its use in field applications or situations in which high detail is not demanded, such as agronomical plant management at field level can widely reduce the applied inputs, i.e., the use of this models can be helpful to adapt the use of agrochemicals to the calculated plant volume or LA. The low cost of the procedure and the sensing device could help farmers and machinery developers to develop site-specific applications thought this method. On the other hand, the SfM requires almost 40 images per plant along a concentric track to create a proper model, one second of acquisition time was enough to reconstruct plant shape when Kinect v2 measurements were taken, one second of acquisition was enough to reconstruct plant shape. Thus, the models created with this principle lead to a much faster process of data acquisition and processing. However, SfM is a suitable and budget solution for breeders demanding a low-cost system for decision making processes. The possibilities of the use of depth cameras such as Kinect v2 have been previously probed in other scenarios with similar results. The scanning of lettuce plants showed that Kinect-measured height and projected area have fine linear relationships with actual values [42] . Similarly, Hämmerle and Höfle [43] derived crop heights directly from data of full-grown maize and compared the results with LiDAR measurements. The obtained results showed similar values to our study with a general underestimation of crop height, and the combination of more point clouds of Kinect v2 would increase accuracy. However, this approach will increase the acquisition and processing time, and the combination of point clouds would require online approaches for registration [44] . Thus, an improved solution must be developed to reach the final target. The use of the close photogrammetry method could propose a budget solution in breeding programmes or on-field mapping when decision-making processes need not be quickly undertaken. On the other hand, the current algorithms for RGB-D processing allow Kinect v2 measurements to rapidly create models which can be used in phenotyping scenarios when high resolution is not demanded or for on-field applications.
Conclusions
The studied methods have shown that deriving crop height or leaf area is possible though three-dimensional modeling, creating models of high value for plant breeding programmes or precision agriculture. These models tend to underestimate crop height and leaf area with differing results, whereby the RGB-D modeling approach created realistic models; however, the underestimation was higher than those models created by the SfM. In addition, the obtained values were influenced by plant structure; the thinner and elongated shape of monocot plants led to lower accuracy in both methods. Since the errors were mainly produced at leaf and stem borders, the elongated shape of this type of plant induced more errors. Regarding the-two dimensional RGB images, leaf area was highly underestimated. Thus, the use of this method for plant phenotyping was not be considered as an appropriate method. The comparison of the studied methods can help users on decision-making process regarding the proper method. The possibilities of the three methods have been shown; choosing a method must be based on the target. Although close range photogrammetry produces highly detailed models, it results in a higher processing time compared to the other methodologies. Increasing computational power would allow rapid model processing that is able to analyze growth dynamics at higher resolutions in the case of photogrammetry or undertaking online field applications using RGB-D systems. 
